The Fuego de Colima volcano (Mexico) showed a complex eruptive behaviour with periods of 17 rapid and slow lava dome growth, punctuated by explosive activity. We reconstructed the weekly 18 discharge rate average between 1998 and 2018 by means of satellite thermal data integrated with 19 published discharge rate data. By using spectral and wavelet analysis, we found a multi-year long-, 20 multi-month intermediate-, and multi-week short-term cyclic behaviour during the period of the 21 investigated eruptive activity, as those of many others dome-forming volcanoes. We use numerical 22 modelling in order to investigate the non-linear cyclic eruptive behaviour considering a magma 23 feeding system composed of a dual or a single magma chamber connected to the surface through an 24 elastic dyke evolving into a cylinder conduit in the shallowest part. We investigated the cases in 25 which the periodicity is controlled by i) the coupled deep-shallow magma reservoirs, ii) the single 26 shallow chamber, and iii) the elastic shallow dyke when is fed by a fixed influx rate or a constant 27 pressure. The model outputs indicate that the observed multi-year periodicity (1.5-2.5 years) can be 28 described by the fluctuations controlled by a shallow magma chamber with a volume of 20-50 km 3 29 coupled with a deep reservoir of 500 km 3 , connected through a deep elastic dyke. The multi-month 30 periodicity (ca. 5 -10 months) appears to be controlled by the shallow magma chamber for the 31 same range of volumes. The short-term multi-week periodicity (ca. 2.5 -5 weeks) can be 32 reproduced considering a fixed influx rate or constant pressure at the base of the shallower dyke. 33
Introduction 36
Lava dome forming eruptions are relatively long-lived events, lasting from several months to 37 several decades (e.g. Merapi, Indonesia, Siswowidjoyo et al., 1995 Kozono and Koyaguchi, 2012) . This is because the lower part of the dyke-conduit 54 acts as a capacitor that allows magma to be stored temporarily and released during the more intense 55 phase of discharge (Costa et The present work is divided in five main sections. The first describes the historical activity of the 105
Fuego de Colima, with particular attention to the recent period, from 1998 to 2018. The second 106 section describes the methods applied to the dataset composed of the satellite thermal data 107 integrated with published data. In particular, the Fourier analysis (including the discussion of its 108 limitations), the wavelet analysis with the definition of the wavelet transform, the choice of a 109 wavelet mother function, and the edge effects due to finite-length time series. It also includes the 110 use of the Melnik and Sparks (2014) 
occurred. 166
In the following months, small, short-lived domes were observed, with an estimated effusion rate 167 between 1.2 -4.6 (m 3 s -1 ) (Varley et al., 2010b; Reubi et al., 2015) . In May and June, the explosive 168 activity produced pyroclastic density currents reaching distances up to 5.4 km from the volcano 169 summit (Varley et al., 2010a) . The thermal emission from an object is attenuated by the atmosphere resulting from absorption by 207 gases and scattering by particles. MIROVA system focuses on the Middle InfraRed region (MIR), 208 which shows the lowest attenuation levels, to better detect and analyse thermal radiation emitted 209 from volcanic sources. While the standard MODIS forward processing delivers Aqua and Terra 210 images within 7-8 hours of real time, LANCE-MODIS allows for the creation of MIROVA radiant 211 flux timeseries within 1-4 hours from the satellite overpass (www.mirovaweb.it). This thermal data 212 collection was converted into lava discharge rate estimates and integrated with some published data 213 in order to reconstruct the weekly mean discharge rate spectrum from 1998 to 2018 (Fig. 2a) . 214
In this work, we refer to Coppola et al. (2013) , who describes the relationship between the heat lost 215 by lava thermal radiance variations and discharge rates, by means of a unique, empirical parameter. series, we performed a wavelet analysis by decomposing the weekly time series (Fig. 2a) into 243 time/frequency space (Fig. 3) . 244
Wavelet analysis is a powerful tool largely used in many scientific fields (i.e., ecology, biology, 245 climatology, geophysics) and engineering. It is especially relevant to the analysis of non-stationary 246 systems (i.e., systems with short-lived transient components, Cazellas et al., 2008) . For this study, 247 practical details in applying wavelet analysis were taken from Torrence and Compo (1998) and 248
Odbert and Wadge (2009). It is worth noting that wavelet analysis considers a wave that decays 249
over a finite time and whose integral over infinite time is zero. Many forms of wavelet (called 250 "wavelet functions" ψ(η), or "mother functions", which depend on a non-dimensional time 251
parameter "η") have been designed for analytical use (Farge, 1992; Weng and Lau, 1994 ; 252 Daubechies, 1994), each with its own characteristics that make it suitable for certain applications. 253
The choice of the wavelet can influence the time and the scale resolution of the signal 254 decomposition. Wavelet analysis is popular in geosciences (Trauth, 2006) , as it does not require 255 any a priori understanding of the system generating the time series. 256
Our time series (weakly average discharge rates acquired mainly by the MIROVA system; Fig. 2a) , 257
called (x n ), has equal time spacing ( t = 7 days) and number of points n = 0…N-1. Using the 258 approximately ortohogonal Morlet function as wavelet function ψ(η) (it must have zero mean and 259 be localized in both time and frequency space; Farge, 1992), we here define the wavelet transform 260 W n (s) as the convolution of x n with a scale (s) and translated version of ψ 0 (η) (mother function). In 261 formula: 262
(1 Usually, a periodic component in a time series may be identified in a power spectrum if it has 272 distinctly greater power than a mean background level (that would correspond to a Gaussian 273 background noise) (Odbert and Wadge, 2009 ). However, the spectra generated from many 274 geophysical systems indicate that the noise in time series data tends not to have a Gaussian 275 distribution (Vila et al., 2006) but it can be better described by coloured noise, specifically red noise 276 (Fougere, 1985) . For this reason we use a simple model for red noise given by the unvariate lag-1 277 autoregressive or Markov process (Torrence and Compo, 1998) in order to determine the 278 significance levels for our wavelet spectrum. These background spectra are used to establish a null 279 hypothesis for the significance of a peak in the wavelet power spectrum. The null hypothesis is 280 defined for the wavelet power spectrum considering that the time series has a mean power 281 spectrum: if a peak in the wavelet power spectrum is significantly above this background spectrum, 282 then it can be assumed to be a true feature with a certain percentage of confidence. For definitions, 283 "significant at the 5% level" is equivalent to "the 95% confidence level" (Torrence and Compo, 284 1998). The confidence interval is defined as the probability that the true wavelet power at a certain 285 padding with zeroes introduces discontinuities at the endpoints and, especially towards larger 290 scales, decreasing the amplitude near the edges as more zeroes enter the analysis (Torrence and 291
Compo, 1998). The cone of influence (COI) is the region of the wavelet spectrum in which edge 292 effects become important. The criterion for applying wavelet analysis is very similar to those 293 employed with classic spectral methods. In other words, the wavelet transform can be regarded as a 294 generalization of the Fourier transform, and by analogy with spectral approaches, we compute the 295 local wavelet power spectrum as described above. Successively, this can be compared with the 296 "global" wavelet power spectrum which is defined as the averaged variance contained in all wavelet 297 (Fig. 1b) . 323
In order to reproduce the observed fluctuations in discharge rates recorded in some periods of the 324 1998-2018 erupted activity, we considered a discharge rate regime where the period of pulsations is 325 controlled by the elasticity of the shallow dyke, and a discharge rate regime where the periodicity is 326 
where β * represents the critical transition fraction, γ is a measure of the steepness of the rheological 361 transition, ε (0 < ε < 1) determines the value of Θ(β * ). In principle β, γ, δ and ε can be described a 362 function of the strain rate and crystal shape but here are assumed to be constant (Costa et 
Morlet wavelet analysis 399
The wavelet analysis is well suited for investigations of the temporal evolution of aperiodic and 400 transient signals. Indeed, wavelet analysis is the time-frequency decomposition with the optimal 401 trade-off between time and frequency resolution (Lau and Weng, 1995; Mallat, 1998) . The whole 402 analysed dataset is composed of 825 data points, representing the time evolution of the oscillating 403 components of the 1998-2018 eruptive activity (Fig. 2a) . Figure 3a ca. 5-10 months; and, iii) short-term periodicity of ca. 2.5-5 weeks. The short-term periodicity is 410 also present in 2011 (Fig. 3a) . Figure 3b shows the global wavelet spectrum corresponding to the 411 local wavelet power spectrum plotted in Fig. 3a 
Numerical simulations 414
Appendices A2-A4 provide some sensitivity tests in order to explore the effects of different 415 The dyke is long 5500 m, it has width 2a = 400 m and thickness 2b = 2 m and a dyke-cylinder 456 transition at 1300 m of depth. The magma chamber volume is fixed to 30 km 3 . Solutions present 457 periodicities from 16 to 40 days in agreement with the weekly periodicities of ca. 38-18 days (ca. 458 2.5-5 weeks) derived from the wavelet analysis (Fig. 3a) . 459 (Fig. 3a) . 466 547-913 days (ca. 1.5 -2.5 years) derived from the wavelet analysis (Fig. 3a) . (Fig. 3a) . During this period the volcano enter in an almost quiescent status with very low discharge 497
rates. This period of low discharge rates is punctuated by low explosive activity, triggered by dome 498 collapse or pressurization of the upper conduit. 499
In order to investigate the relationship between the periodic components observed in wavelet 500 analysis and the dynamics of the Fuego de Colima feeding system, we run simulations using the 501 numerical model Melnik and Costa (2014) (Fig. 4) . The model can reproduce the results of the 502 wavelet analysis in terms of observed periodicities, allows us to relate short-, intermediate-and 503 long-term oscillations in discharge rates to the dynamics of upper conduit, shallow magma 504 chamber, and coupled shallow and deep magma chambers, respectively. This implies that the 505 pressurization of the deep magma chamber has cascade effects on the whole feeding system of the 506 induces pressurization to the shallow system (magma chamber + conduit), which starts to oscillate 513 following its own periodicities. 514
Although the presented data provide, for the first time, a framework able to explain the periodic 515 analysis suffer of some limitations that need to be taken into account in interpreting the results: 517 i) the available data of discharge rates and dome volumes collected for the 1998-2018 518 period do not have the same quality. For this reason, this lead us to extract only averages of 519 discharge rate for the entire period, with biasing effects to lower amplitudes; 520
ii) a common weakness of the spectral and wavelet analysis techniques is their inability to 521 distinguish the source of any given periodic component (i.e. whether it is a signal from a 522 volcanic process, an external process or if it is noise in the data). Elucidating the exact 523 mechanism requires competing robust models and multiple independent field observations 524 
Figures Captions 1041

